Abstract : To estimate more accurately the beef marbling score (BMS) of live beef cattle, the Bayesian network model (BNM) could be used in parallel with other developed methods, such as ultrasound (US) image analysis with a neural network (NN), biological impedance analysis (BIA) and visual inspections of an experienced inspector. Additionally, most of these methods individually represents positive trends of estimating subjective BMS in Japan. This research reveals that the approach of using BNM to include body condition parameters, exhibit more accurate estimation of BMS with other methods. The measurement was conducted with 28 Japanese Black Beef cattle before one-month slaughter. The weight, chest, abdominal circumference, and longissimus muscle area have been taken into consideration of body measurement parameters for evaluating BMS. The estimation of BMS with BNM, combined with other approaches displayed the higher accuracy rate of almost 90%. Moreover, this research compared the findings with other individual method and combined methods. The estimation of BMS using US image analysis using NN represents 28% accuracy, then BIA provides only 40%, and combing both US and BIA method illustrates 50% of accurate BMS estimation. However, Body condition indices, US and BIA together outreaches all estimation methods and the BNM provided more accurate estimation of BMS with high confidence.
Introduction
The marbling score is a major factor in determining the quality of beef. In Japan, beef marbling standard, which is called BMS number, is used as the grading system for meat quality. Figure 1 shows the BMS number. It ranges from 1 to 12, and the number 12 means the most marbling fat. Since the BMS number is determined based on the appearance of the carcass, livestock breeders cannot determine the quality of the beef until slaughter.
Correctly estimating the BMS number in living beef cattle at an early stage will facilitate the determination of the fattening period and quality improvement by breeders. For example, the estimation of the marbling score using ultrasound echo images of live beef cattle has been investigated extensively. The advantages of using ultrasound images are that in vivo imaging can be performed in real time, the measurement does not harm the cattle, and the equipment is small and relatively inexpensive. Several methods for predicting intramusclar fat and the marbling score were proposed so far [1] - [7] . In these studies, software systems were developed to predict volume of lean meat which contains little intramuscular fat. It is an important factor in the United States Department of Agriculture (USDA) beef grading system and in European carcass classification.
Japanese people willingly eat marbled meat which contains * Graduate School of Science and Engineering, Saga University, 1 Honjo-machi, Saga, Saga 840-8502, Japan * * Nagasaki Agricultural and Forestry Technical Development Center, 3600 Yuetei, Ariake-machi, Shimabara, Nagasaki 859-1404, Japan E-mail: fukudao@cc. much intramuscular fat. However, the determination of BMS number using ultrasound image is very difficult, since changes in images with intramuscular fat are considerably complicated. We proposed the methods for estimating the BMS number using a neural network [8] , [9] . The proposed method included the extraction of texture features [10] from ultrasound images, principal component analysis (PCA), and estimation of the BMS number using a neural network. The neural network, which has a non-linear mapping ability, was demonstrated to have a higher estimation performance than the conventional method using multiple regression analysis. However, the wider application and distribution of this technique have been difficult because estimation accuracy greatly depends on the quality of the measured images. Much experience and skill for measurement and interpretation are needed to estimate the BMS number accurately.
On the other hand, bioelectrical impedance analysis (BIA) [11] revealed electrical characteristics of a body tissue, and was applied to medical engineering, food monitoring, and so on. Several researchers tried to estimate the beef marbling score based on BIA so far [12] - [19] . Most research in EuroAmerican countries focused on only fat-free skeletal muscles or lean tissues, and did not focus on the marbling score. We tried to estimate BMS number based on the bioelectrical impedance value, and observed the correlations between this value and the BMS number (r = 0.61, RSME = ±20.6, P < 0.01). However, we did not take the subcutaneous fat layer into consideration, so the impedance values were fluctuated depending on its thickness.
This paper proposes a novel estimation method of the BMS number using a Bayesian network. The problems in our previous approach using ultrasound images or bioelectrical impedance values were insufficient and fluctuant estimation accuracy. So, we adopt a Bayesian network model (BNM) to improve it by combining the obtained results in these two approaches. In addition, we try to include body condition parameters into this model. BNM is represented using the directed graph. This model can express the relationship between causes and results. Combining the various evidence, the proposed method can be expected to estimate the BMS number stably and robustly.
The remainder of the present paper is organized as follows. Section 2 describes in detail the estimation method. Section 3 describes experiments of the present study, and Section 4 presents conclusions of the present study. Figure 2 depicts the Bayesian network used in this paper. The Bayesian network is represented using the directed graph. The parent node indicates cause, and the child node indicates result. The proposed method uses three kind of information: body condition parameters, estimation result based on ultrasound image, and bioelectrical impedance. Each node indicates a variable such as weight, chest circumference, abdominal circumference, area of longissimus muscle, BMS, estimated BMS by ultrasound image, and bioelectrical impedance. The details are explained in the following sections.
BMS Estimation Based on Bayesian Network

Body Condition Parameters
The body condition parameters such as the weight of the cattle, their chest and abdominal circumferences, and the longissimus thoracic muscle (ribeye) area are considered while designing BNM. The muscle area are usually located on the appearance of the ribulose part between the sixth and the seventh thoracic vertebra. The mean and standard deviation values of all these parameters including BMS value from an experienced inspector are represented in Table 1 .
Ultrasound Image Analysis Using Neural Network
Echo imaging of live beef cattle is performed using ultrasound diagnostic equipment. The measurement site is between the sixth and the seventh thoracic vertebrae. It is the same position as that of carcass, which is examined in the visual inspection after slaughter. The BMS estimation conducted as shown in Fig. 3 . This method consists of four processes: (1) measurement of ultrasound echo images, (2) texture analysis [10] , (3) principal component analysis (PCA), and (4) estimation of the BMS number using a neural network.
Texture features are extracted in four analysis regions as image features. We calculate 12 texture parameters: Energy, Entropy, Correlation, Local homogeneity using the spatial gray level dependence method (SGLDM), Contrast, Angular second moment, Entropy, Mean using the gray level difference method (GLDM), and Mean, Variance, Skewness, and Kurtosis using the gray level histogram moments (GLHM). It should be noted that 8 texture parameters calculated using SGLDM and GLDM methods are averaged over all directions (0
• ). Finally, the differences between the texture features of the four regions ( 4 C 2 = 6) are calculated, and a 72-dimensional vector is obtained.
Next, PCA is conducted in order to extracted the essential components of the 72-dimensional feature data and reduce its dimensionality. We extract 10-dimensional feature vectors from the 72-dimensional data, because 10-eigenvalues are greater than 1 in the PCA.
Finally, the BMS number is estimated by a neural network model as shown in Fig. 4 . The four-layer neural network consists of an input layer, two hidden layers, and an output layer. The transfer function in the input and output layers is the identity function. In the hidden layers, a sigmoid function ranging from 0 to 1 is used as the transfer function. The input signals and the teacher signals are linearly transformed based on the maximum and minimum values. The final output signal of the network ranges from 0 to 1 and is linearly transformed to obtain the BMS number. Adaptive learning is performed using the learning data set before estimation. The network is trained by minimizing the residual sum of squares.
Bioelectrical Impedance
We adopt the four-electrode method robustly to measure the impedance properties while estimating fat content in meat. Figure 5 illustrates the configuration of the measurement system. The outside of the two electrodes supplies a constant electric current with a frequency swept from 4 Hz to 1 MHz in the logarithmic scale, and the inside of the two electrodes is used to measure the electrical potential. The electrical impedance Z Ω, the pure resistance R Ω, and the reactance X nF are calculated based on the input-output relation between the supplying current and the measured potential. They are recorded to a handheld personal computer via RS232C serial port. Figure 6 shows the equivalent circuit model of the body tissue proposed by R.I. Hayden in 1969. This circuit consists of two resistances and a capacitance, which correspond to an extracellular resistance R ex , an intracellular resistance R in , and a cellular membrane capacitance C m . The characteristics of the circuit is changed depending on the frequency of the supplying electric current. The low-frequency current cannot go through the cellular membrane capacitance, so the extracellular resistance has the dominant influence. Conversely, the high-frequency current reduces the reactance of the cellular membrane capacitance, and can flow into the intracellular resistance. The model can be considered as the parallel circuit of two resistance as the frequency increases. In the measurement, the frequency of the supplying electric current is swept from low frequency to high frequency in the logarithmic scale, and 50 samples are measured. The extracellular resistance R ex Ω, the intracellular resistance R in Ω, and the cellular membrane capacitance C m nF are calculated from the following equations (1)- (8) . Here, we can measure X and R by the measurement system, and the values at the frequency 4 Hz and 1 MHz are assigned as R 0 and R ∞ , respectively. 
where R 0 and R ∞ are R at f → 0 and f → ∞, respectively.
where X m represents the cellular membrane reactance. The real part and the imaginary part are arranged as
The cellular membrane capacitance can be derived from the imaginary part.
In our previous study, we observed the correlation between the intracellular resistance R in and the BMS number (r = 0.61, P < 0.01). We can estimate the BMS number based on the linear regression model [20] .
Experiment
The measurement was conducted one month before the slaughter treatment. The total number of beef cattle was 49 and they were all raised in Nagasaki Agricultural and Forestry Technical Development Center. These cattle are actually raised about 30 months (weight: 805.1 kg ± 89.0 kg). The BMS number was determined by visual inspection of a dressed carcass. The BMS number ranged from 2 to 12, where the mean value and the standard deviation were 6.6 and 2.6, respectively. The Bayesian network model was designed using Bayonet tool developed by Japanese Software Company (NTT DATA Mathematical Systems Inc.). The BIA, US image analysis and Body condition parameters are combined to create the model. In this experiment, we divided the total data sets into two groups (50 samples were randomly chosen for the testings and 187 samples were used for modeling). There were 187 samples used to learn the model and the learning is based on Greedy search algorithm. The test is done three times, and thus the mean values were calculated. As a measurement criterion for the appropriateness of a graph structure, information criteria AIC is used. The Bayesian tree was formed by using the estimation result of ultrasound image analysis, the result of bio impedance analysis and physical body condition. Finally, the posterior probability was calculated under theses three evidences.
Conditions
The followings are some of the important condition to mention during this research.
Ultrasound measurement was performed using Super-eye MEAT (ALOKA CO., LTD.) and a probe (UST-5041-2, center frequency: 2 MHz). The ultrasound measurement area was the longissimus muscle between the sixth and the seventh thoracic vertebra, which corresponds to the site at which beef carcasses have traditionally been graded. The dynamic images were recorded onto a DVD using a commercially available DVD recorder. Then the still images were captured in BMP format file using a PC. The biological impedance properties were measured using the chemical impedance meter (3532-80, Hioki E.E. Corporation), and the frequency of supplying constant electric current was swept from 4 Hz to 1 MHz in logarithmic scale. There were in total 50 samples tested.
All these experiments were approved by the animal experiment review board in the national institute of AIST (Approval Code: 10150125-A-20130702-001).
Results
The Bayesian network model helped to visualize the changes of posterior probability as the evidence increases and thus assists to improve the accurate estimation of BMS with other methods. Figure 7 demonstrates the changes of posterior probability as the evidence increases. The black bar illustrates the results of using ultrasound image analysis with NN (24% accuracy), whereas gray bar gives the results of BIA (50% accuracy) and white bars giving the higher accurate results of 86% by considering all new body condition parameters and others.
The use of BNM improves the accuracy of calculating BMS number objectively. The combination of using all parameters from US PCA based analysis, BIA and body condition helps to compensate the error of accurate estimation. For example, if the estimation of BMS using US fails then other evidence modifies the posterior probability in the model and thus we obtain correct estimation with higher confidence (84%). Moreover, even if one analysis method was not considered, then posterior probabilities are uniformly-distributed among others parameters of BIA methods and we got proper BMS estimation (78%) (see process 3 in Fig. 7) .
Next, Fig. 8 summarizes the estimation result with all samples using this newly developed BNM. The solid line indicates the estimation accuracy and the dotted line indicates the mean value of the log-likelihood. It is evident from this graph that the BNM shows higher accuracy as evidence increases. Finally, the summarized matrix (Table 2 shows a confusion matrix) for all samples of beef cattle also depicts the improvement of using BNM for estimating BMS number in Japan.
Conclusion
This research presented the estimation method of BMS number of live beef cattle using a new approach of the Bayesian network model. The inclusion of new body condition parameters and other parameters (10 parameters from PCA based US image analysis and Neural Network and BIA) helped to avoid estimation errors in the previous BMS estimation based on only the US image analysis or BIA. The results confirmed that, the accurate and higher confidence could only be achieved through BNM. The authors believe that the objective estimation definitely provides boost-up in the management of livestock industry in Japan and others. In future, the authors would like to include more body conditioning parameters of cattle for estimating more accurate BMS number.
